The formation of pH gradients in a 700 L batch fermentation of Streptococcus thermophilus was studied using multi-position pH measurements and computational fluid dynamic (CFD) modelling. To this end, a dynamic, kinetic model of S. thermophilus and a pH correlation were integrated into a validated one-phase CFD model, and a dynamic CFD simulation was performed. First, the fluid dynamics of the CFD model were validated with NaOH tracer pulse mixing experiments. Mixing experiments and simulations were performed while multiple pH sensors, which were placed vertically at different locations in the bioreactor, captured the response. A mixing time of about 46 s to reach 95 % homogeneity was measured and predicted at an impeller speed of 242 rpm. The CFD simulation of the S. thermophilus fermentation captured the experimentally observed pH gradients between a pH of 5.9 and 6.3, which occurred during the exponential growth phase. A pH higher than 7 was predicted in the vicinity of the base solution inlet. Biomass growth, lactic acid production, and substrate consumption matched the experimental observations. Moreover, the biokinetic results obtained from the CFD simulation were similar to a single-compartment simulation, for which a homogeneous distribution of the pH was assumed. This indicates no influence of pH gradients on growth in the studied This article is protected by copyright. All rights reserved.
Introduction
Heterogeneities of culture parameters like substrate concentrations, pH, and dissolved oxygen concentrations are regarded as mainly responsible for productivity loss in large-scale bioreactor cultivations. Transport limitations occur at large scale due to insufficient mixing, and cells are consequently exposed to fluctuating conditions. Non-limiting substrate concentrations in the range of 0.3 -2 g L -1 are reported in feeding zones during fed-batch processes, while there are substrate-limited conditions further away from the feeding position (Bylund et al., 1998; Larsson et al., 1996) . pH values might also be outside of physiological ranges next to acid or base addition points (Langheinrich and Nienow, 1999; Lara et al., 2006) . Mixing times of largescale bioreactors for microbial cultures exceed 100 s to reach 95 % homogeneity, and the circulation time of the cells, which is proportional to the mixing time, is consequently in the magnitude of 10 s and longer depending on the stirring conditions (Delvigne et al., 2006; Nagata, 1975) . Cells might adapt to continuously changing environments while they move through the bioreactor. Biomass and product yield reduction are reported for several different strains and processes when a process is This article is protected by copyright. All rights reserved.
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scaled up to large scale (Bylund et al., 1998; Enfors et al., 2001; George et al., 1998; Xu et al., 1999) . This is most likely related to heterogeneities, because microorganisms are exposed to fluctuating environmental conditions at large scale, which might affect the metabolic activity. pH gradients have shown an influence on the transcriptional response and enzyme activity in bacteria, and may therefore lead to decreased biomass growth and product formation as shown in scale-down studies (Amanullah et al., 2001; Cortés et al., 2016; Onyeaka et al., 2003) .
Computational fluid dynamic (CFD) modelling is capable of representing the fluid dynamic conditions in bioreactors. It was already applied for process optimization by improving the impeller configuration for an increased oxygen transfer rate (Yang et al., 2012; Zou et al., 2012) . Moreover, biokinetic models are coupled with fluid dynamics to analyze environmental gradients during fermentations (Schmalzriedt et al., 2003; Wang et al., 2015) . Either compartment models can be built and coupled with a biokinetic model or a biokinetic model is directly integrated into a CFD model.
Compartment models, which are based on the knowledge about the fluid dynamics in the bioreactor obtained from CFD models, reduce the number of spatial elements and decrease the computational demand (Vrábel et al., 2001) . If biokinetic models are directly integrated into CFD, both the Euler-Euler approach (Bannari et al., 2012; Elqotbi et al., 2013) and the Euler-Lagrange approach combined with a population balance model (Haringa et al., 2016; Lapin et al., 2004; Lapin et al., 2006; Morchain et al., 2013) 
where N represents the stirrer speed, D i the impeller diameter, ρ the fluid density, and µ the dynamic viscosity of the fluid.
The power input (P) was calculated:
where N P is the power number. N P was assumed to be 5.5 (Doran, 1995; Ruston et al., 1950) for each Rushton turbine as Re > 10 5 (see the results section). The power input could unfortunately not be measured in the studied bioreactor.
Mesh generation and simulation settings
The bioreactor geometry was designed in SolidWorks (Dassault Systèmes, France).
The sparger ring, the gas inlet pipe, and a supporting structure, which holds the shaft, Tracer pulse experiments
The bioreactor was filled with tap water. A NaOH solution (27 %, Novadan ApS, Denmark) was used as tracer substance for the pulse experiments. When dosing a pulse, 80 mL of NaOH was poured into the liquid at the center of the bioreactor 
Mixing time calculation
Mixing times were calculated after normalizing the pH measurements according to Paul et al. (2003):
( 2) where , ′ is the normalized pH output of the i-th sensor in the experiment, , is the experimental pH value measurement, and , ( = ∞) are the average pH measurements measured between 4.5 and 5 minutes after the pulse. The normalized response of all sensors was plotted with the logarithmic squared deviation with respect to the normalized upper bound 1 in order to determine the mixing time:
where n is the number of sensors. log 2 = −2.6 when 95% homogeneity was achieved, log 2 = −2 and log 2 = −1.65 at 90% and 85 % homogeneity, respectively. The simulated tracer pulse concentrations were normalized by eq. (2), in which the pH values were replaced by the tracer concentrations.
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Streptococcus thermophilus fermentation and analysis
The batch fermentation of the homolactic S. thermophilus strain (provided by Chr.
Hansen with an Aminex® HPX-87H column (Bio-Rad Laboratories, Hercules, CA) using 5 mM H 2 SO 4 at a flow rate of 0.6 mL min -1 at 50 °C according to suppliers instructions.
Biokinetic and pH simulation in the CFD model An unstructured kinetic model of S. thermophilus, which described the lactose consumption, biomass growth, and lactic acid synthesis, was integrated into the CFD model (eq. (4-7)). Effects of the lag-time, substrate limitation and inhibition (Haldane, 1930) , pH (Schepers et al., 2002) , and lactate inhibition (Aghababaie et al., 2015) This article is protected by copyright. All rights reserved.
were considered in the growth function. A simplified version of the Luedeking-Piret equation (Luedeking and Piret, 1959) was applied to describe the lactic acid synthesis.
where q X and q P are the volumetric growth and lactic acid production rates, respectively. Lactose (C S ), biomass (C X ), and lactic acid (C P ) were listed as additional variables, and their rate equations were defined as expressions in the CFX expression language. Initial concentrations were , =0 = 70 −1 , , =0 = 0.025 −1 , and
The kinetic parameters as listed in Table I Control was conducted with a P-controller, which was using the step function:
3,
where the pH is calculated at the monitoring point 35 cm above the bottom of the bioreactor. The kinetic model was also implemented in MATLAB (The MathWorks, Natick, MA) and solved with the ode 15s solver. There, the fermentation broth was modelled as a single compartment with a homogeneous distribution of the pH and all state variables, i.e. no gradients were considered. 
Results
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between the impellers were changing in size and moving up-and downwards. The tracer pulse simulation was therefore performed with a transient velocity field.
Tracer pulse simulation and experiments
Fast radial and slower axial mixing were predicted in the tracer pulse simulations (Fig. 3 and Supplementary Movie 2) . It took several seconds until the tracer passed to a subsequent recirculation loop after the simulated injection from the top. The monitoring points in the CFD model and pH sensors in the experiment were positioned in each anticipated recirculation loop in order to be able to follow the dynamic distribution of the tracer.
The dynamic response at all sensor locations
The dynamic responses of the monitoring points during tracer pulse simulations were captured with the intention to understand the fluid flow dynamics when e.g. an acid or a base solution is added to regulate the pH value in a cultivation. The two monitoring locations 1 and 2 at the upper part of the liquid phase showed an overshooting response before they reached a stable value, whereas the other monitoring points 3 -6, which were located farther away from the injection point, responded with sigmoid curves (Fig. 4) . In order to validate the tracer pulse simulations, these results were compared with the experimental measurements. Both the shapes and order of magnitude of the dynamic trends obtained from the predictions agreed with the measurements obtained at the different positions. Nevertheless, oscillations of the pH signal and the initial high overshoot of sensor 2 predicted by the simulation were not captured by the measurements.
Accepted Article Determination of the mixing time
To assess the progress of reaching homogeneity, the logarithmic squared deviation of all sensors was evaluated. All experimental curves followed the predicted trend until 95 % homogeneity was achieved (Fig. 5) . The variance of the replicates increased for homogeneities higher than 95 %. The predicted and measured mixing times at the levels of 85 %, 90 %, and 95 % homogeneity matched very well (Table II) . 95 % homogeneity was reached after about 46 seconds.
The dynamic response at all locations and the mixing time prediction gave considerable evidence that the fluid flow in the bioreactor was well described by the applied CFD model.
Simulated and measured pH gradients in the S. thermophilus fermentation
As a next step, the CFD and biokinetic models were combined in a dynamic simulation in order to predict the pH gradients during the fermentation. Therefore, an Fig. S1 ). Expected biomass growth,
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substrate consumption, and lactic acid production profiles of a Monod type kinetic model were observed and in accordance with the measurements (Fig. 6) . A final biomass concentration of 6 g L -1 was reached after 5 h when 34 g L -1 lactic acid seemed to inhibit growth completely. The observed biomass yield was similar to 2 L lab-scale experiments, where instantaneous mixing was assumed ( Supplementary Fig.   S2 ). As the applied time step was crucial in order to solve the differential equations in the CFD model, a time step of 1 s was chosen. An increased time step led to larger deviations of the kinetic profiles (data not shown). The obtained kinetic results from the CFD simulation were very similar to the single-compartment simulation performed in MATLAB, in which a homogeneous distribution of the pH and all state variables was assumed ( Supplementary Fig. S3 ). The pH predictions were in close agreement with the measurements in all locations (Fig. 7) . In the beginning of the fermentation, the pH dropped from 6.8 to the controlling pH value 6, when the pH controller started in both the simulation and experiment. A minimum pH of 5.9 was attained in the top zone of the bioreactor during the exponential growth phase. In the bottom zone, where ammonium hydroxide was added, pH values of up to 6.3 were measured and simulated at the sensor positions. Close to the base injection, pH values larger than 7 were predicted (Fig. 8) . As the applied pH correlation is only valid up to a pH of 7, a more accurate pH prediction was not possible in this case.
Discussion
In order to simulate the pH gradients of a S. thermophilus fermentation in a 700 L S. thermophilus batch fermentation predicted both the biokinetic profiles and the pH gradients matching the experimental observations. Rather large pH gradients between pH values of 5.9 and higher than 7 were predicted in the bioreactor while the fermentation was controlled at pH 6.
The simulated flow profiles showed six recirculation loops generated by the three Rushton turbines consistent with literature data (Vrabel et al., 2000) . pH sensors and monitoring points were placed so that conditions in all six recirculation loops were monitored in tracer pulse experiments and simulated accordingly. The dynamic pH response of the pH sensors was well represented by the simulated data. It is important to stress that the CFD model relied among other criteria on physical and chemical properties, empirical equations, and the mesh structure. Importantly, no parameter estimation/model calibration of the CFD model was performed in order to fit experimental data. However, the predicted oscillating behavior of the pH and the initial overshoot of sensor 2 was not measured. This can likely be attributed to the response time of the applied ISFET pH sensors, which is in a range of 4 -8 s to reach ±0.02 of the final pH value in the relevant pH range. This response time was determined in own measurements, and is in accordance with vendor specifications.
Furthermore, there was a discrepancy between the predicted and measured homogeneity when 95 % homogeneity was reached 60 s after the pulse, which could be caused by the fluctuating sensor output (±0.01), while the model asymptotically approaches 100 % homogeneity. conditions were assumed -and the CFD simulation results might be caused by three reasons: (i) either the pH gradients had a very small effect on the culture performance in the present study, or (ii) the biokinetic model was not sensitive to pH changes, or (iii) the small differences arose from the aforementioned numerical errors in the CFD simulation due to the coarse time step.
pH gradients between 5.9 and 6.3 were predicted and observed between the top and the bottom zone of the bioreactor, respectively. A pH higher than 7 was predicted for the vicinity of the base solution inlet. Even though the pH measurements and predictions matched, the uncertainties in the applied pH correlation need to be considered. The fast production of lactic acid led to a small decrease of the pH at the top of the bioreactor, whereas the addition of ammonium hydroxide caused a pulsewise increase of the pH at the bottom of the bioreactor. Langheinrich and Nienow (1999) reported pH gradients of 0.8 units due to alkali addition in an 8 m 3 reactor for mammalian cell cultures. pH gradients have a noticeable effect on the productivity. Aghababaie et al. (2015) reported that the growth of S. thermophilus was reduced by 20 % when cultivated 0.3 pH units away from the optimal pH conditions. However, cells are not constantly exposed to unfavorable environmental conditions while moving through a large-scale bioreactor. Cortés et al. (2016) and Amanullah et al. (2001) showed in two-compartment scale-down studies of E. coli and B. subtilis, in which they mimicked oscillating pH conditions up to a delta pH of 0.9, that growth was not statistically significantly affected. However, the organic acid metabolism changed, and E. coli responded on the transcriptional level to the alkaline stress. The extracellular pH affects the intracellular pH of lactic acid bacteria (Cachon et al., 1998; Hansen et al., 2016) and by this the enzymatic activity. Lactobacillus sp.
maintain their intracellular pH with the energy consuming Na
Accepted Article (Sawatari and Yokota, 2007) . The additional energy requirements could lead to altered culture performance in large-scale fermentations. The remaining open question is how fast the cells are affected by pH changes and how fast they adapt to them. In the immediate vicinity of the inlet for base addition, the cells are exposed to unfavorable pH values that might lead to viability loss (Hansen et al., 2016) . Cells that are moving through the bioreactor and have suffered in an unfavorable environment before will not function in an optimal manner immediately, when they enter a more favorable zone, as they need to adapt to the new conditions again Coupling biokinetic and fluid dynamic modelling will open the way for the understanding and optimization of large-scale processes. To predict gradients at large scale is of utmost interest, because measurements during fermentations at large scale are either very difficult or even impossible to perform due to the size of the bioreactors, the costs of a single fermentation run, and the GMP regulations at production sites. Scale-down systems (Oosterhuis, 1984) could be designed based on the CFD predictions, and mimic the gradients in lab-scale experiments (Lara et al., 2006; Neubauer and Junne, 2016) . They allow to study the response mechanisms upon external oscillating conditions, and can be integrated in the scale-up process (Neubauer et al., 2013) . This will reduce the risk of failure when scaling up processes.
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Conclusion
The present study was designed to predict pH gradients in a 700 L lactic acid bacteria fermentation by applying a dynamic CFD simulation. It gave evidence that pH heterogeneities existed in the studied 700 L bioreactor. More importantly, it proved that pH gradients could be quantitatively predicted with the CFD simulation. pH gradients between 5.9 at the top and above 7 close to the alkali inlet at the bottom of the bioreactor were predicted. The high pH in the alkali inlet zone could cause cell damage and an undesired production loss in large-scale bioreactors. Therefore, the results could support fine-tuning of the stirring rate when reaching the maximum growth rate in order to distribute the base faster. In summary, these findings suggest that coupling a biokinetic model and a fluid dynamic model is a very useful tool to predict gradients in bioreactors. However, to predict the effect on microorganisms growing under oscillating conditions was beyond the scope of this study. The validation of the applied CFD model with multi-position pH monitoring during mixing experiments is a promising outcome of this study, which should be performed in further CFD studies of bioprocesses as well. Future work should include multiple environmental gradients in the dynamic CFD simulations. Besides pH, also substrate, oxygen, carbon dioxide, and temperature gradients are of high interest for batch, fedbatch, and continuous cultivations since most of them are regarded to contribute to productivity loss at large scale. Tables   Table I 
